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Nonparametric Bayes

P(parameters|data) / P(data|parameters)P(parameters)

[wikipedia.org]

[Fox et al 2014]

[Saria 
et al 

2010]

• Bayesian methods that are not parametric 
• Bayesian 

• Not parametric (i.e. not finite parameter, unbounded/
growing/infinite number of parameters)

[Prabhakaran, 
Azizi, Carr, 
Pe’er 2016]

[Del Pozzo 
et al 2017, 

2018] 

[ESO/ 
L. Calçada/ 
M. 
Kornmesser 
2017]

[Lan et al 2015]

[MIT xPRO]

[Ewens 
1972; 
Hartl, 
Clark 
2003; 
Harris et 
al 2017]

[Lloyd et al 
2012; Miller 
et al 2009]

[Xu et al 2015] 
 [Cassidy et al 2015]

[Eaton 2020]



Roadmap
• Example problem: clustering 
• Example NPBayes model: Dirichlet process 
• Chinese restaurant process 
• Inference 
• Venture further into the wild world of Nonparametric Bayes 

• Big questions 
• Why NPBayes? 
• What does an infinite/growing number of parameters really 

mean (in NPBayes)? 
• Why is NPBayes challenging but practical?
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• Why NPBayes? Learn more as acquire more data 
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realized 

• Why is NPBayes challenging but practical? Infinite 
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X1

k=1
⇢k��k

d
= DP(↵, G0)

✓n = �zn

✓n
iid⇠ G

xn
indep⇠ F (✓n)

�

⇢2

�2

[Antoniak 1974; Ferguson 1983; West, Müller, Escobar 1994; 
Escobar, West 1995; MacEachern, Müller 1998]13
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Roadmap
• Example problem: clustering 
• Example NPBayes model: Dirichlet process 
• Chinese restaurant process 
• Inference 
• Venture further into the wild world of Nonparametric Bayes 

• Big questions 
• Why NPBayes? Learn more as acquire more data 
• What does an infinite/growing number of parameters really 

mean (in NPBayes)? Components vs. clusters; latent vs. 
realized 

• Why is NPBayes challenging but practical? Infinite 
dimensional parameter; more on this next!
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